The objective of this study was to evaluate the improvement of the accuracy of estimated breeding values for ability to recycle after calving by using information of genomic markers and phenotypic information of correlated traits. The traits in this study were the interval from calving to first insemination (CFI), based on artificial insemination data, and the interval from calving to first high activity (CFHA), recorded from activity tags, which could better measure ability to recycle after caving. The phenotypic data set included 1,472,313 records from 820,218 cows for CFI, and 36,504 records from 25,733 cows for CFHA. The genomic information was available for 3,159 progeny-tested sires, which were genotyped using Illumina Bovine SNP50 BeadChip (Illumina, San Diego, CA). Heritability estimates were 0.06 for the interval from calving to first insemination and 0.14 for the interval from calving to first high activity, and the genetic correlation between both traits was strong (0.87). Breeding values were obtained using 4 models: conventional single-trait BLUP; conventional multitrait BLUP with pedigree-based relationship matrix; single-trait single-step genomic BLUP; and multitrait single-step genomic BLUP model with joint relationship matrix combining pedigree and genomic information. The results showed that reliabilities of estimated breeding values (EBV) from single-step genomic BLUP models were about 40% higher than those from conventional BLUP models for both traits. Furthermore, using a multitrait model doubled the reliability of breeding values for CFHA, whereas no gain was observed for CFI. The best model was the multitrait single-step genomic BLUP, which resulted in a reliability of EBV 0.19 for CFHA and 0.14 for CFI. The results indicate that even though a relatively small number of records for CFHA were available, with genomic information and using multitrait model, the reliability of EBV for CFHA is acceptable. Thus, it is feasible to include CFHA in Nordic Holstein breeding evaluations to improve fertility performance.
INTRODUCTION
Improving fertility in dairy cows is becoming increasingly important throughout the world because it has a substantial effect on the overall profitability of dairy cattle production. Reduced fertility is characterized by increased number of inseminations, more veterinary treatments, longer calving interval, and increased rates of involuntary culling (De Vries, 2006; .
The genetic improvement of fertility traits in dairy cows is hindered by low heritability because of the nature of traditionally defined fertility traits, missing and censored records, and farmer's interventions. For example, the interval from calving to first insemination (CFI) is an economically important trait in the Nordic Total Merit index, because it measures the cow's ability to return to cyclic estrus after calving. However, CFI is heavily influenced by the management practices, such as inseminating high-yielding cows later than low-yielding cows or the herd's voluntary waiting period (Andersen-Ranberg et al., 2005; Löf et al., 2012) ; consequently, the heritability estimate of CFI in Nordic countries is only 0.05 (SEGES, 2015) . These factors will result in low accuracy of the EBV, especially for cows and young bulls. Thus, the selection decisions of animals will be based on inaccurate EBV, which decreases the efficiency of selection and increases the number of daughters records required to obtain accurate bull evaluations Sun et al., 2010) .
One possible solution to increase accuracy of EBV for fertility traits is to increase the number of daughters tested per bull, but that would increase the cost of the breeding program (Veerkamp and Beerda, 2007) .
Another way to improve the accuracy of selection for fertility is by using more precise phenotypes that directly reflect the cow's physiological or behavioral condition, such as the interval from calving to first high behavioral activity (CFHA). The interval from calving to first high behavioral activity is an objective measure of return to cyclic estrus after calving and can be measured by activity tags (Løvendahl and Chagunda, 2010) . It has been reported that CFHA has heritability estimates of 0.12 to 0.18, indicating that the inclusion of CFHA in breeding programs would efficiently increase the genetic improvement for a rapid return to cyclicity after calving (Løvendahl and Chagunda, 2009; Ismael et al., 2015) .
However, the possibility to achieve accurate EBV for CFHA is hindered by the limited numbers of the phenotypic records available, mainly because of the limited number of farms using activity tags to detect estrus and their ability to automatically store the physical activity data in central databases. To increase reliability of EBV for a trait with small number of phenotypic records, a multitrait model to use additional information of the correlated traits could be a good approach. Moreover, genomic selection could be a promising tool to improve the accuracy of estimation of breeding values of fertility traits.
Genomic selection refers to selection based on genomic EBV instead of the traditional selection using information on phenotypes and pedigrees to predict breeding values (Meuwissen et al., 2001) . Genomic selection may result in higher rates of genetic gain over traditional selection using BLUP-EBV because genomic EBV have higher reliabilities, especially for young animals that do not have daughter records. As accurate selection can be performed early in life, genomic selection can greatly reduce evaluation cost and generation interval compared with the traditional progeny test schemes (Schaeffer, 2006; Boichard et al., 2016) .
Various models have been used for genomic prediction to use phenotypic information as much as possible for genomic prediction. Misztal et al. (2009) proposed that the genomic breeding values can be obtained in a single-step genomic BLUP (ssGBLUP) including phenotypic, pedigree, and genomic information, where a pedigree-based relationship matrix (A) in the evaluation procedure is replaced by a matrix (H) that combines A and a genomic relationship matrix (G) (Christensen and Lund, 2010; Christensen, 2012) . The same procedure also applied by Aguilar et al. (2011) , who reported a 3× increase of reliability of EBV prediction by using ssGBLUP instead of traditional BLUP estimation of breeding values for conception rate in US Holstein. Furthermore, studies on Nordic Holstein and Red cattle indicated that ssGBLUP can provide more accurate and simpler estimation of genomic breeding values compared with the multistep genomic prediction methods (Gao et al., 2012; Su et al., 2012b) . The objective of our study was to improve reliability of EBV for CFI and CFHA using information of correlated traits and genomic markers, and assess whether it is feasible to include CFHA in the Nordic Holstein breeding program, given the current relatively small number of phenotypic records.
MATERIALS AND METHODS

Phenotypic and Genotypic Data
Female fertility traits in the present study were CFHA (Løvendahl and Chagunda, 2010; Ismael et al., 2015) , and CFI. The CFHA was based on data from physical activity meters; physical activity data were collected from 55,627 Danish Holstein cows during the period from January 2010 to May 2016. The cows were housed in 176 commercial dairy herds with automatic milking systems and electronic activity tags were fitted on neckbands (Lely Qwes-H or -HR, Lely Industries BV, Maassluis, the Netherlands). Cows' physical activity was measured as the number of electronic impulses per 2-h bin initiated by changes in acceleration due to head and neck movements. Data were edited using the procedure as described by Ismael et al. (2015) . Only records from cows in parities 1 to 3 were included in the analysis. To be eligible for inclusion in the analysis, physical activity had to be recorded within the period from 15 to 155 d postpartum. Within this period, every cow had to have at least 45 consecutive days of recorded activity; this rule was applied because different farms had different start times for physical activity recording. Furthermore, only records for cows from genotyped sires were included in the analysis. After editing, the final phenotypic records of CFHA contained 36,504 records from 25,733 Holstein cows that came from 1,611 genotyped sires and were housed in 144 commercial dairy herds. For CFI, the insemination records for the Holstein cows were obtained from the Nordic Cattle Genetic Evaluation (NAV; SEGES, Aarhus, Denmark). The CFI data included Holstein cows that calved between January 2010 and March 2016. The raw data were edited using Nordic cattle genetic evaluation rules (NAV, 2013) . Furthermore, only records in parities 1 to 3 were kept, and cows that moved to other herds during the insemination period were removed. Cows with CFI outside the range of 20 to 230 d were excluded from the analysis. After editing, the final CFI data set contained 1,472,313 records from 820,218 Holstein cows that came from 3,159 genotyped sires and were housed in 4,472 herds. Of these cows, 22,279 cows also had 31,217 phenotypic records for CFHA. Descriptive statistics of each trait are presented in Table 1 . The pedigree was built in a sire-dam structure, tracing back as many generations as possible in the Nordic Cattle database (SEGES, Skejby, Denmark). The pedigree file included 2,072,709 animals.
Genotypes were available for all 3,159 progeny-tested bulls. The animals were genotyped with the Illumina Bovine SNP50 BeadChip (Illumina Inc., San Diego, CA). The marker data were edited by deleting markers with minor allele frequency lower than 0.01, average GenCall score lower than 0.60, or unknown location in the UMD 3.1 assembly [University of Maryland, College Park]. After editing, 46,342 markers remained in the analysis.
Statistical Analysis
Estimation of Variance Components and Genetic Parameters.
Genetic analysis was performed with the average information REML algorithm in the DMU package (Madsen and Jensen, 2010) . Single-trait analysis was performed to estimate variance components and the resulting heritability for each trait separately, whereas multitrait analysis was performed to estimate genetic correlations between the traits. The basic model was a repeatability animal model as following:
where y ijklm is the observation of the trait CFHA and CFI; µ is the overall mean; h i is the fixed effect of herd i (i = 144 herds for CFHA and 4,472 herds for CFI); p j is the fixed effect of parity j (j = 1 to 3); ym k is the fixed effect of year-month k of the highest activity episode for CFHA or year-month k of calving for CFI (k = 74 levels); a l is the random genetic effect ~, a is the random genetic effect, pe is the random permanent environmental effect, e is the random residual, and I is the identity matrix.
Calculation of Daughter Yield Deviations.
Solutions from the single trait analysis were used to calculate daughter yield deviations (DYD) for the progeny-tested bulls, where DYD is the average performance of sires' daughters adjusted for all fixed and nongenetic random effects and dam's additive genetic effect. The DYD were used to evaluate the accuracies of EBV prediction in the validation procedure.
Estimation of Breeding Values. The breeding values for CFHA and CFI were predicted using 4 models. relationship and pedigree relationship Christensen and Lund, 2010 In the ssGBLUP approach, the joint relationship matrix (H) was 
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where A 11 is the submatrix of pedigree-based relationship matrix (A) for genotyped animals, A 22 is the submatrix of A for nongenotyped animals, A 12 (or A 21 ) is the submatrix of A describing the relationships between genotyped and nongenotyped animals, and G ω = (1 − ω) G + ωA 11 , where G is the genomic relationship matrix and ω is the relative weight that could explain the fraction of the genetic variance not captured by markers. The weight value was set to ω = 0.20, according to Gao et al. (2012) . The genomic relationship matrix (G) was calculated using Gmatrix software , implemented based on (VanRaden, 2008) . The inverse of H matrix (Aguilar et al., 2010; Christensen and Lund, 2010) was
Validation of EBV.
The validation of EBV was carried out by examining the reliability of EBV obtained by the 4 models. In the validation procedure, the whole data were divided into training data and validation data by a cut-off point of birth year. Thus, bulls born from 2008 and after, having at least 5 daughters, were used as validation data set. The validation data set included 911 bulls for CFI and 373 bulls for CFHA. Reliability of EBV (R 2 ) for validation animals was measured as the squared correlations between predicted breeding values and DYD (and then divided by reliability of DYD (R 2 DYD ). The reliability of DYD was calculated for each bull as R 2 DYD = EDC/(EDC + K), where EDC is the effective daughter contribution and K = (4 − h 2 )/h 2 .
To compare between the reliability of CFHA and CFI, another analysis was performed using a subset of data containing only the cows that had both phenotypic records for CFI and CFHA. The data set contained 31,217 records from 22,279 cows that came from 1,497 sires, whereas the bulls born after 2007 and had at least 5 daughters were used as validation data set (321 bulls).
RESULTS
Descriptive Statistics
An overall summary of average number of daughters per sire, number of records, means, standard deviations, minimum, and maximum for CFHA and CFI in different parities is shown in Table 1 . The CFHA was longest for cows in the third parity, at 54 d, and shortest for cows in the first parity, at 42 d, with an overall average of 47.6 d. The same pattern was observed for CFI, where the longest CFI obtained for cows in the third parity, at 79.3 d, and the shortest CFI obtained for cows in the first parity, at 76.8 d, with an overall average of 77.5 d. Figure 1 shows the distribution of CFI in first, second, and third parity; the clear peak at 60 d after calving was consistent for the 3 parties. Figure 2 shows the distribution of CFHA in first, second, and third parity; the CFHA distribution showed similar pattern as CFI distribution, but with clear peak at 35 d after calving for first and second parity and at 45 d at third parity.
Variance and Covariance Components
As shown in Table 2 , the heritability for CFHA was 0.14, which was more than double the heritability for CFI (0.06). The genetic correlation between CFHA and CFI was positive and strong (0.87), whereas the environmental correlation was moderately positive (0.36).
Accuracy of EBV
Reliabilities of DYD for CFI and CFHA and reliabilities of EBV obtained from different models are shown in Table 3 . For both traits, the inclusion of genomic information in the prediction of breeding values yielded higher reliability compared with traditional prediction. Prediction using MT-BLUP model led to higher reliability than using ST-BLUP for CFHA, where the reliability of EBV for CFHA increased from 0.06 to 0.13 by changing from ST-BLUP to MT-BLUP. On the other hand, no gain in reliability was observed when using MT-BLUP to estimate breeding values of CFI than ST-BLUP. Moreover, reliability for CFHA was 0.06 compared with 0.10 for CFI when using ST-BLUP, whereas the reliability estimate of CFHA was 0.13 compared with 0.10 for CFI when using MT-BLUP. When genomic information was included in the prediction of breeding values in the single-trait analysis, the reliability of EBV increased from 0.06 to 0.08 by changing model from ST-BLUP to ST-ssGBLUP for CFHA, and increased from 0.10 to 0.14 by changing model from ST-BLUP to ST-ssGBLUP for CFI. When using the multitrait analysis, the highest reliability was obtained when using MT-ssGBLUP. Changing the model from MT-BLUP to MT-ssGBLUP, increased the reliability of EBV from 0.13 to 0.18 for CFHA and from 0.10 to 0.14 for CFI.
The reliability of DYD for CFHA of bulls in the validation data set was lower than that for CFI (0.34 vs. 0.58), as expected given the much smaller average number of daughters per sire for CFHA. However, a supplementary analysis was performed where we used a reduced data set, which only contained cows having both records of CFI and CFHA in the analysis (Table  4 ); in that analysis, the reliability of DYD for CFHA of bulls in the validation data set was higher than that for CFI (0.33 vs 0.18).
DISCUSSION
In the present study, we applied 4 models, ST-BLUP, ST-ssGBLUP, MT-BLUP, and MT-ssGBLUP, for genetic evaluation of CFHA and CFI in Danish Holsteins with the aim to increase reliability of EBV for CFHA, Figure 1 . Distribution of the time intervals from calving to first insemination in the first, second, and third parity (CFI1, CFI2, and CFI3, respectively) from 820,218 cows. Color version available online. which is a newly defined trait measuring the ability of cows to return to estrus cycle after calving. Reliabilities of breeding values from these models were compared. Results showed that the models including the genomic information were more accurate than using the traditional pedigree-based models. Furthermore, for CFHA, the multitrait model gave much higher reliability of EBV than the single-trait model due to the additional amount of information available from a genetically highly correlated trait (CFI). The first-parity cows had their first high-activity episode 12 d sooner than those in the third parity. A similar relationship between parity and the interval from calving to commencement of luteal activity was reported by Darwash et al. (1997) , where the increase of parity was associated with 2% increase in the inter-val from calving to commencement of luteal activity. This difference was less clear in the case of CFI, where the third-parity cows had their first insemination 2 d earlier than the third-parity cows. One explanation for this difference between the 2 traits is that, in the case of CFI, the farmers could have a fixed period between parturition and the time the cow is first eligible for insemination regardless of parity. On the other hand, CFHA is free from farmer interventions because the trait is measured only based on the behavioral changes occurring due to estrus. The distribution of CFI and CFHA (Figure 1, and Figure 2 ) indicated that farmers might skip the first detected heat and inseminate the cows in the later heats.
Heritability for both traits estimated from the current study were similar to those obtained by Ismael et 3 CFI = interval from calving to first insemination. 4 r 2 DYD = reliability of DYD for bulls in the validation data set using all records available for CFHA and CFI were estimated from single-trait pedigree based linear model. 5 Cor(EBV, DYD) = correlation coefficient between the EBV and DYD. al. (2015), who used a smaller data set of 11,363 Holstein cows in Denmark. However, Ismael et al. (2015) reported a genetic correlation of 0.96 between CFHA and CFI, which was higher than the estimate obtained in the current study (0.87, SE = 0.03). A possible reason could be that the data used in Ismael et al. (2015) were collected from the herds having both CFI and CFHA records, and these herds might have used CFHA information to trigger first insemination, thereby inflating the correlation between CFI and CFHA.
In general, reliability of DYD for fertility traits is significantly lower than the previously reported reliability of DYD of yield traits, mainly because of low heritability for fertility traits. However, the reliability of DYD obtained for CFI in the current study was in agreement with previously reported reliabilities of the deregressed proofs of fertility traits in the Nordic Holstein populations (Lund et al., 2011; Su et al., 2012a) . On the other hand, the reliability of DYD for CFHA was lower than CFI, although the heritability for CFHA is higher. This difference in the accuracy of DYD for both traits could be fully explained by the average number of daughters per sire CFI being much higher than that for CFHA. When we assumed that the same amount of data available for CFI were available for CFHA, the expected reliability of DYD for CFHA was 0.72, which is 22% higher than the reliability of DYD for CFI.
The reliabilities of EBV obtained from ssGBLUP were always higher than those from traditional BLUP model for both traits, regardless of using single-or multitrait models. The improvement of the reliability of EBV ranged from 33 to 46% by including the genomic information in the analysis. The explanation of the observed increase of the reliability is that genomic data provides another source of information in the estimation of breeding values. Aguilar et al. (2011) reported that the application of ssGBLUP increased reliability of EBV for conception rate in US Holsteins when compared with the traditional BLUP; the reliability of EBV increased by 3 times when using single-trait analysis, whereas the increase was 2 times when using multitrait analysis. The superiority of ssGBLUP over traditional BLUP was also reported in estimation of breeding values of fertility traits in pigs by Guo et al. (2015) , who found significant increase of the reliability of EBV by changing the prediction method from the traditional BLUP to ssGBLUP for litter size and piglet mortality in Danish Landrace and Yorkshire populations.
In the current study, the reliabilities of EBV for CFHA were significantly lower than reliability of EBV for CFI using single-trait models despite the higher heritability for CFHA. It is well known that one of the factors affecting accuracy of EBV is the number of phenotypic records available for the traits (Hayes et al., 2009 ). In our study, the number of phenotypic records used to predict breeding values for CFHA was much smaller than those used for CFI, which led to lower reliability of EBV for CFHA than CFI. To verify this, another analysis was performed using a subset of data containing only the cows that had both phenotypic records for CFI and CFHA to compare between both traits. The results of this analysis are shown in Table  4 . Reliability of DYD of CFHA was almost double the reliability of CFI (0.33 vs. 0.18). Furthermore, the reliabilities of EBV for CFHA obtained from the 4 models were 12.5 to 20% higher than the obtained reliabilities for CFI. These results indicates that CFHA provides an accurate measure for the ability of cows to return to cyclic estrus after calving. Moreover, CFHA directly reflects the true ability of cows to be fertile because it is automatically recorded, which is measured based on AI data, and the decision about the time of insemination is done by the farmer. This decision could be affected by management decisions and by factors that are cowdependent, such as milk yield. Furthermore, the result of this analysis showed the ability of the large amount of phenotypic records of CFI to improve the reliability of traits with limited phenotypic recording such as CFHA. The reliability of CFHA remained the same in the single-trait model using the full and reduced data set. On the other hand, the reliabilities of EBV from the multitrait traditional BLUP model and ssGBLUP model were almost halved by restricting the data used to only cows having both phenotypes of CFHA and CFI. It was clear that the reason for higher reliability for CFHA by using the multitrait models in the full data set was due to the higher predictive ability of the model, expressed as the correlation between EBV and DYD, which was almost 50% higher than the predictive ability of the models used on the reduced data set.
The advantage of using a multitrait model over a single-trait model for improving the prediction reliability was clear for CFHA. On the other hand, the reliability of EBV for CFI did not increase when moving from single-trait model to multitrait model. This could be because the size of the phenotypic data for CFI was 40 times larger than that for CFHA. Therefore, the prediction of breeding values for CFHA was affected by the large amount of additional information available from CFI, whereas CFI was only affected by the little additional information available from CFHA. The benefit from using a multitrait model for the prediction of breeding values has been reported in many previous studies. In Danish Holstein cows, Sun et al. (2010) used multitrait model to improve the reliability of the conventional prediction of EBV for fertility traits that have low heritability estimates (0.01-0.09) by including milk yield traits with high heritability estimates (0.34-0.38), whereas the genetic correlation estimates between milk yield traits and fertility traits ranged from 0.04 to 0.5. Guo et al. (2014) found improvement of reliability of genomic prediction by 25% when changing from single-trait to multitrait model in a simulation study for a trait with low heritability estimate (0.05), whereas the genetic correlation between the simulated traits set to be 0.5 genetic correlation between traits. In an analysis on real dairy cattle data, Aguilar et al. (2011) found that using a multitrait model doubled the reliability of genomic prediction for conception rate in US Holstein, whereas the genetic correlation estimates between conception rate in different parities were >0.7. Furthermore, Pszczola et al. (2013) reported that the gain in the reliability of multitrait prediction for DMI increased with the increase of genetic correlation between DMI and the correlated traits, fat-and proteincorrected milk or live weight, that have almost double amount of records available for DMI. Thus, an increase of reliability of conventional and genomic EBV for DMI of 32% was obtained by using live weight instead of fat-and protein-corrected milk in bivariate analysis, where the genetic correlation between DMI and live weight was 0.70 compared with 0.32 between DMI and fat-and protein-corrected milk.
CONCLUSIONS
The results of this study are important for practical implications. First, inclusion of genomic information in the genetic evaluation for fertility traits clearly increases reliability of EBV. Second, as long as the phenotypic recording for CFHA is limited to a small number of farms that use activity tags to detect estrus, the limited number of phenotypic records results in low reliability of EBV. Thus, it requires more herds to record CFHA to achieve acceptable accuracy of EBV. Although the number of CFHA records available is small, using multitrait models with genomic information can lead to a reliability of EBV similar or even better than that for CFI. Furthermore, the strong genetic correlation between CFHA and CFI is also an advantage indicating that it is feasible to include CFHA in Nordic Holstein breeding program.
